A quantitative structure-retention relationship (QSRR) study was applied for an estimation of retention times of secondary volatile metabolites in Thai jasmine rice. In this study, chemical components in rice seed were extracted using solvent extraction, then separated and identified by gas chromatography-mass spectrometry (GC-MS). A set of molecular descriptors was generated for these substances obtained from GC-MS analysis to numerically represent the molecular structure of such compounds. Principal component analysis (PCA) and principal component regression analysis (PCR) were used to model the retention times of these compounds as a function of the theoretically derived descriptors. The best fitted regression model was obtained with R-squared of 0.900. The informative chemical properties related to retention time were elucidated. The results of this study demonstrate clearly that the combination of molecular weight and autocorrelation functions of two dimensional interatomic distance, which are molecular polarizability, atom identity, sigma charge, sigma electronegativity and polarizability, can be considered as comprehensive factors for predicting the retention times of volatile compounds in rice.
Introduction
World rice production and consumption have been steadily rising since the 1980 crop year. Rice is one of the major dietary components for many people in the world, especially in the Asia-Pacific region; about 60% of the world is population relies on rice as a main staple food and 90% of rice is produced and consumed in Asia. Rice is the seed of monocot plants, which are usually distinguished as a semiaquatic, annual grass plant. This carbohydrate-rich plant food is not only consumed as a source of energy, but it contains a number of beneficial health components, bioactive compounds e.g. phenolic acids: ferulic, coumaric and caffeic acids. [1] [2] [3] [4] [5] One of the famous rice varieties in the world, which has unique features such as aroma and texture, is Thai jasmine rice (Oryza sativa; Khao Dawk Mali105 or KDML105). [6] [7] [8] [9] Determinations and classifications of chemical components in fragrant rice have been carried out to interpret the generation of aromatic compound, to identify the essential chemical structures related to olfactory property, and to transfer structure information to property domains. Several methods can be used to determine volatile compounds from plant materials, which consist of four major parts including collection, concentration, separation, and quantification. Conventional methods for extraction (collection and concentration) 10 include direct solvent extraction, steam distillation-solvent extraction, solid-liquid extraction (SLE), supercritical fluid extraction (SFE), purge and trap, static headspace and solid phase micro-extraction (SPME). [10] [11] [12] Afterwards, gas chromatography (GC) 13 with flame ionization or mass spectrometer (MS) as detector system is used for separation and analysis of volatile compounds. However, for the analysis of volatile components in complicated samples, gas chromatography-mass spectrometry (GC-MS) is the most popular technique that has been employed to identify the chemical composition of various plant sample extracts. [14] [15] [16] [17] [18] From GC analysis, different rice genetics can be expected to have different volatile profiles, i.e. aldehydes and aromatic compounds were the most abundant odor-active compounds in the aromatic rice types. In nonaromatic rice, aldehydes were the most abundant odor-active compounds. 19 KDML 105 jasmine rice contains a substance called 2-acetyl-1-pyrroline (2-AP), and 2-AP is an important factor for the formation of the fragrance. 6 The second rice volatile compound, 2-acetyl-2-thiazoline was considered a specific characteristic of jasmine rice. 20 Different substances were found in a comparison of volatile compounds in California long-grain rice cultivar 21 and Thai rice (KDML 105) 22 using GC-MS. The number of alcohol compounds in Thai rice is higher than that of California long-grain rice, however, the numbers of aldehyde, ketone, aromatic, acid, ester and nitrogeneous compounds in Thai rice are lower than in California long-grain rice.
A quantitative description of molecular structures provided through the parameters and descriptors is a prerequisite for quantitative structure-property relationship (QSPR) studies. 23 Molecular descriptors can be defined as the outcome of a logical and mathematical procedure that changes chemical information encoded within a symbolic representation of a molecule into a practicable number. 24 QSPR studies have been utilized to investigate the relationship of the property to the relevant part of structures. Consequently, if essential information of each structure can be extracted and screened properly, a rational predictive model can be constructed. There are several ways to generate molecular descriptors containing topological, geometric and electronic features to project all dimensions and information of each structure. The technique is associated with several advantages and applications, such as estimation of physicochemical properties using substituent constant, reduction of the number of compounds to be synthesized, and faster detection and identification of the most favorable compounds.
There are numerous statistical techniques for extended QSPR modeling. 25 Principal component analysis (PCA) and principal component regression analysis (PCR) are used for classification in linear models and built with the help of a training set and validation using an external prediction set. Statistical evaluation has been suggested to produce an appropriate predictive model. 25 Molecular descriptors have been designed for encoding structural and physicochemical features and fingerprints. They can be applied in various fields of structural design and property prediction, such as analysis of high throughput screening (HTS) results, finding new lead structures and lead hopping, modeling biological activities 26 and in the study of chromatographic retention. 27 Retention time in gas chromatographic analysis is the most important criteria to separate and identify the composition of the substances. It is commonly used to identify the type of substance by comparing with authentic compounds. Nevertheless, most of the samples are not pure and are sometimes complex mixtures, therefore the development of a theoretical model for estimating the retention times seems to be useful for reducing the time spent on analysis. This quantitative determination of the retention time in chromatographic studies can be defined as a quantitative structure-retention relationship (QSRR). QSRR has been demonstrated to be a powerful tool in chromatographic studies for estimation of retention data of novel compounds provided through their molecular descriptors. The models have been successfully elaborated for many types of chromatography including, gas chromatography, planar chromatography, column liquid chromatography, micellar liquid chromatography and affinity chromatography. 28 According to a number of previous studies, the superiority of the QSRR model has been shown in describing retention data using physicochemical properties and Moreau-Broto autocorrelation topological descriptors.
Physicochemical properties are an important factor as molecules having a similar structure will also have a similar physicochemical property. [29] [30] [31] Moreau-Broto autocorrelations are 2D-descriptors derived from the molecular graph weighted by atom physicochemical properties based on spatial autocorrelation and contain encoded information on structural fragments and therefore seem to be particularly suitable for describing differences in congeneric series of molecules. 32, 33 In this study, retention times of volatile organic compounds from Thai jasmine rice obtained from GC-MS were used for QSRR modelling. PCA and PCR were applied to predict retention times of these compounds as a function of the theoretically derived descriptors.
Experimental

Materials
Thai jasmine rice (Oryza sativa) variety Khao Dawk Mali 105 (KDML105) used in this study was obtained from the Agricultural Technology Research Institute, Lampang, Thailand. After harvesting, the rice seeds were kept in cool conditions (-20 C) until further use in experiments.
For use as an internal standard, 2,4,6-trimethylpyridine (TMP), 99% purity, was purchased from Aldrich Chemical Co., Milwaukee, WI. Preparation of the internal standard solution containing 0.25 ppm of TMP was made by dissolving an exact weight of it in a volume of 0.1 M HCl.
Preparation of rice grain extracts
First, 50 grams of the rice seeds were extracted with 0.1 M hydrochloric acid. TMP 0.25 ppm was used as the internal standard. The extracted solution was made alkaline by 0.1 M NaOH and then extracted with dichloromethane. The organic phase was dried by anhydrous sodium prior to removal of solvent using a rotary evaporator with reduced pressure. Finally, the residue was subjected to analysis by GC-MS.
GC-MS analysis
The profile of volatile compounds from the rice extract was determined using GC-MS (Model 6890N/5973, Agilent, Palo Alto, CA). The GC-MS temperature program started from 45 to 250 C with a rate of increase of 3 C/min, and held for 30 min. A capillary column HP-5MS with dimensions of 30 m × 0.25 mm i.d. and 0.5 μm film thickness was used. The injection port temperature was set at 250 C. Purified helium gas was used as the carrier gas with the flow rate of 1.3 mL/min. The GC injector was in a split mode with a 1:10 split ratio. The MS condition was operated in the electron impact (EI) mode with ionization voltage of 70 eV and the ion source temperature was set to 230 C. The MS quadrupole temperature was 150 C and mass scan was in the range of 45 -550 amu. The volatile compounds were tentatively identified by matching their mass spectra with reference spectra complied in NIST05 and Wiley7n mass spectral libraries. The structures of these volatile compounds were confirmed by linear retention index (RI) using n-alkanes (Supelco) as the reference. This experiment was done in triplicate.
Data set
The retention times of volatile compounds in extracts of KDML105 were obtained from GC-MS analysis. The data set was divided into two subsets including training set and test set. It is difficult to give a general rule on how to choose the number of observations in each of the two parts. A typical split might be 20 -25% for test set, therefore 35 compounds were used for the training set, and 10 compounds for the test set in this case. The training set was used to generate the retention times of these compounds as a function of chemical descriptors and the test set was used to evaluate the predictive ability of the regression model. The structures obtained from GC-MS analysis were used to generate molecular descriptors. Molecular descriptors were generated by the Adriana.Code 2.0 program. The 2D and 3D structures were obtained from ChemSpider, the free chemical database from the Royal Society of Chemistry. Statistical evaluations of data analyses were performed mainly by using the SPSS Statistics 17.0 statistical package program.
Physicochemical properties are molecular descriptors, mainly describing transport phenomena. Two dimensional descriptors describe how the atoms are connected in terms of chemical bonds and atom pair properties. The 2D autocorrelation of interatomic distance descriptor was calculated by the Moreau-Broto equation. 34 Topological autocorrelation simultaneously encodes the constitution of a molecule and the distribution of atom pair properties depending on a distance function as defined as Eq. (1):
where ATSk is the autocorrelation coefficient for a certain topological distance k (number of bonds between two atoms), w is any atomic property, A is the number of atoms in a molecule, dij is the topological distance between the ith and jth atoms, and δ(dij; k) is a distance function.
Results and Discussion
GC-MS analysis, descriptor generation and selection
By using capillary GC-MS, volatile organic compounds in the jasmine rice cultivar KDML105 were identified. The structure of each volatile in the rice extract obtained by GC-MS is presented in Table 1 , showing that up to 100 components were separated and 35 volatile constituents were identified based on a comparison of their mass spectra with the reference spectra of the libraries. Those compounds with less than 80% matching quality were defined as unknowns, and have not been included in Table 1 .
All calculated molecular descriptors including physicochemical properties and autocorrelation of 2D interatomic distance descriptors have been analyzed to discard descriptors that had a zero value in more than 50% of the cases and a calculated standard score was used for making norm-referenced interpretations, for which the mean and standard deviation are selected to simplify interpretations. A screened subset of 76 descriptors was selected from the 96 generated descriptors. The 20 descriptors that were constant and almost constant have been eliminated. The names of selected molecular descriptors are listed in Table 2 between selected molecular descriptor and retention time of volatile compounds in rice. Spearman rank correlation coefficient was utilized to identify the physicochemical properties and autocorrelation of 2D interatomic distance descriptors as abbreviated in Table 2 , subscripting a certain topological distance k in Eq. (1) associated with the retention time (Table 3) .
QSRR model and informative descriptors elucidation
PCA is a mathematical procedure that uses an orthogonal transformation to convert a set of observations of possibly correlated variables into a set of values of linearly uncorrelated variables called principal components. PCA is applied for reduction of the molecular descriptor dimension. Selected descriptors obtained from these structures were used for PCA to extract the relevant elements, which can be reduced to eight components with 94.64% of the total variance accounted, as shown in Table 4 , and molecular descriptors obtained in each component are demonstrated in Table 5 .
Modeling of retention times as a function of theoretically derived descriptors of each chemical structure was established by PCA and PCR. The eight components from PCA of molecular descriptors were selected to build an appropriate model to determine the relationship between retention time of a compound and its chemical structure. By using the retention time as the dependent variable and eight major components of the molecular descriptor variables as independent variables, PCR was generated. All enter regression, forward selection, backward elimination and stepwise regression were applied. All techniques give the same best-fitted models with R-squared 0.900 as shown in Table 6 and the equation for prediction of retention time in this model is defined as Eq. (2): y = -0.023 + 0.945x1 (2) The discrimination power of the variables effect on retention time were in the order of molecular polarizability of the molecule, molecular weight of compound, σ atom electronegativities, σ atom charges, and total atom charges (Ident1, Weight, Ident2, Polariz, SigEN7, SigEN1, SigEN2, SigEN9, Polrz9, Ident9, SigEN6, Ident7, SigEN11, Ident11, SigEN10, Polrz11, Polrz10, SigEN8, Ident10, TotChg8, Ident6, SigChg8, Ident5, Polrz7, Ident8, SigChg11, Polrz8, Polrz1, SigEN5, TotChg11, Polrz6, SigChg10, Ident4, SigChg9, TotChg10, Polrz2, Ident3, TotChg9, Polrz5, SigEN4, SigEN3, SigChg7, TotChg7, SigChg5). In this case, 2D autocorrelation weighted by atom identities, effective atom polarizabilities, σ atom charges, σ atom electronegativities, and total atom charges are the crucial factors in retention time prediction.
As each Moreau-Broto autocorrelation coefficient for a certain topological distances, 2D autocorrelation weighted by atom identities itself, adjacent pair and the products of atom pair σ atom electronegativities summed up for seven bonds between atoms mostly contributed to this model. Efficient separation of compounds in GC depends on the different movement rates of compounds in the column.
The important factor affecting retention time is the polarizability of the molecule. If polarity of the stationary phase and compound are similar, the retention time increases because the compound interacts strongly with the stationary phase. As a result, polar compounds have long retention times on polar stationary phases and shorter retention times on non-polar columns using the same condition.
The other factors that have an influence on retention time are sigma charge, total charge and sigma electronegativity, which are responsible for polarizability because the distribution of charge leads to the dipole of molecules related to polarizability. Molecular weight is a factors that influences the separation time of the components, and is often related to boiling point of a compound because low boiling (volatile) components will move faster through the column than will high boiling components.
The validation of the model was performed by prediction error sum of squares (PRESS) and root mean squared error (RMSE). The predicted values of external samples were then compared to the observed values using PRESS in Eq. (3), which indicates the residuals are computed in validation, and RMSE in Eq. (4), which gives the agreement from training set with PRESS of 6.2156 and RMSE of 0.8310, as shown in Table 7 . The predicted values for retention time of the compounds in the training and test sets using equation retention time were plotted against the experimental retention time values in Fig. 1 .
In this case, the relevant components regarding PC1 were mainly contributed by molecular weight, molecular polarizability, atom identity, sigma charge, sigma electronegativity and polarizability ( Table 7) .
Conclusions
This study revealed the potential of GC-MS applied for separation and identification of secondary volatile metabolites in Thai jasmine rice extract. Altogether, up to 100 volatile components were separated and 35 compounds were identified. By using input from the GC-MS experiment, identifications of volatile metabolites were achieved. The PCA results show that two principal components (PC1 and PC2) describe 65.32% of the overall variances and eight principal components describe 94.64% of the overall variances. PCR was used to simulate retention time patterns and the QSRR model was proposed. Modeling of retention times of the rice volatile compounds as a function of theoretical descriptors, which gives the best-fitted models with R-squared 0.900, and the external test set of volatile compounds, which gives the agreement from training set with PRESS 6.2156 and RMSE 0.8310.
The results of this study demonstrate that the molecular information in terms of molecular weight, molecular polarizability, atom identity, sigma charge, sigma electronegativity and polarizability can be considered as comprehensive descriptors for predicting the retention times of volatile compounds in rice. This information supports the fact that retention time in gas chromatography is the result of the solute between the mobile and stationary phases. While, molecular structure and chemical properties of the solute determine the type and extent of the interactions of the solute with these phases. The differences between these properties govern the retention behavior through the column.
The ultimate goal of this study has been accomplished. QSRR models for the prediction of GC retention time of various volatile components from Thai rice can successfully be developed. The proposed models have good predictive ability and are of high statistical significance. The models are helpful for the discovery of new components in Thai rice using retention time projected to molecular descriptors of the compounds, which can be used as fragment information for structural elucidation of the unknown component and the PCA is useful for highlighting the key molecular descriptor for explaining chromatographic mechanisms.
